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Abstract. Soil-transmitted helminths (Ascaris lumbricoides, Trichuris trichiura and hookworm) negatively impact the health
and wellbeing of hundreds of millions of people, particularly in tropical and subtropical countries, including Brazil. Reliable
maps of the spatial distribution and estimates of the number of infected people are required for the control and eventual
elimination of soil-transmitted helminthiasis. We used advanced Bayesian geostatistical modelling, coupled with geographi-
cal information systems and remote sensing to visualize the distribution of the three soil-transmitted helminth species in
Brazil. Remotely sensed climatic and environmental data, along with socioeconomic variables from readily available data-
bases were employed as predictors. Our models provided mean prevalence estimates for A. lumbricoides, T. trichiura and
hookworm of 15.6%, 10.1% and 2.5%, respectively. By considering infection risk and population numbers at the unit of
the municipality, we estimate that 29.7 million Brazilians are infected with A. lumbricoides, 19.2 million with T. trichiura
and 4.7 million with hookworm. Our model-based maps identified important risk factors related to the transmission of soil-
transmitted helminths and confirm that environmental variables are closely associated with indices of poverty. Our
smoothed risk maps, including uncertainty, highlight areas where soil-transmitted helminthiasis control interventions are
most urgently required, namely in the North and along most of the coastal areas of Brazil. We believe that our predictive
risk maps are useful for disease control managers for prioritising control interventions and for providing a tool for more effi-
cient surveillance-response mechanisms.
Keywords: Bayesian modelling, geographical information system, remote sensing, soil-transmitted helminths, variable selec-
tion, Brazil.
Introduction
The soil-transmitted helminths are a group of nema-
tode parasites that cause human infection when their
eggs are ingested (Ascaris lumbricoides and Trichuris
trichiura) or larvae penetrate the skin (the two hook-
worm species Ancylostoma duodenale and Necator
americanus) (Bethony et al., 2006; Hotez et al., 2008;
Knopp et al., 2012). Recent climate suitability model-
ling suggests that more than 5.3 billion people were at
risk of soil-transmitted helminthiasis in 2010 with
over 1 billion people infected with at least one of the
aforementioned soil-transmitted helminth species
(Pullan and Brooker, 2012). The distribution of infec-
tions is governed by social-ecological systems with
poverty playing a key role in maintaining high levels of
endemicity. Indeed, the highest rates and intensity of
infection and public health burden are concentrated in
poor communities in tropical and subtropical areas (de
Silva et al., 2003; Tchuem Tchuenté, 2011; Lustigman
et al., 2012; Ziegelbauer et al., 2012). The highest
infection intensities are usually observed in school-
aged children, whilst there is a decline in prevalence
and intensity of infection with age (Anderson and
May, 1985; de Silva et al., 2003; Bethony et al., 2006;
Brooker et al., 2007). Hence, the global strategy to
control soil-transmitted helminthiasis (and other
helminth infections such as schistosomiasis) targets the
school-aged population, and this is done by periodic
administration of anthelminthic drugs, usually with-
out prior diagnosis (WHO, 2002, 2006; Hotez et al.,
2007; Utzinger et al., 2009).
In Brazil, soil-transmitted helminth infections are of
considerable public health importance, particularly
through their association with anaemia, diarrhoea and
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malnutrition, which impairs the physical, psychoso-
matic and social development of school-aged children
and adolescents (Pedrazzani et al., 1988; Nascimento
and Moitinho, 2005; Brooker et al., 2007; Jardim-
Botelho et al., 2008). In 2009, the Pan American
Health Organization (PAHO) put forward an agenda
for the control and elimination of neglected diseases
and other poverty-related infections in Latin America
and the Caribbean (PAHO, 2009; Schneider et al.,
2011; Colston and Saboyá, 2013). Interventions that
focus on priority areas are required to improve the
cost-effectiveness of control programmes and, among
the proposed deliverables, reliable maps of the distri-
bution of neglected tropical diseases along with esti-
mates of the numbers infected play an important role
(Carvalho et al., 2010; Guimarães et al., 2010; Ault et
al., 2012; Scholte et al., 2012a; Colston and Saboyá,
2013).
Bayesian geostatistical models have been widely
used for predicting the spatial distribution of helminth
infections at different scales and for different parts of
the world. Successful applications include risk profil-
ing of schistosomiasis, soil-transmitted helminthiasis
and co-infections at the village, district, national and
regional level in Africa and Asia (Clements et al.,
2006; Raso et al., 2006; Steinmann et al., 2007; Schur
et al., 2011a; Chammartin et al., 2013a). In Latin
America, the paucity of data has considerably delayed
the mapping, and hence control, of soil-transmitted
helminthiasis (Sabin Vaccine Institute/Inter-American
Development Bank/PAHO, 2011). Recent work
attempted to fill this gap. Indeed, the geographical dis-
tribution of the three major soil-transmitted helminth
species has been modelled based on historical data
from South America using different approaches
(Chammartin et al., 2013b; Colston and Saboyá,
2013). Another recent study assessed the regional risk
of ascariasis and trichuriasis in relation to climatic,
environmental and social variables in the Brazilian
State of Minas Gerais (Scholte et al., 2012b) based on
data from the schistosomiasis national control pro-
gramme (NCP). However, the analyses by Scholte et
al. (2012b) and Colston and Saboyá (2013) used stan-
dard statistical models that ignore spatial correlation
of the data, and hence estimates have to be interpret-
ed with caution.
In the study presented here, we analyse prevalence
data of A. lumbricoides, T. trichiura and hookworm
collected by the NCP from 2005 to 2009 and produce
nationwide high-resolution risk maps for the three
soil-transmitted helminth species. Superimposing pop-
ulation density, we estimated the number of infected
people stratified by state. A Bayesian geostatistical
modelling framework was employed with aligned data
collected over large number of locations. As predic-
tors, we used remotely sensed climatic and environ-
mental data and socioeconomic proxies. Our predic-
tive maps aim to inform local and national authorities
to better target limited resources to control and even-
tually eliminate soil-transmitted helminthiasis in
Brazil.
Materials and methods
Soil-transmitted helminth infection prevalence data
Prevalence data for A. lumbricoides, T. trichiura
and hookworm were obtained from 1,020 municipal-
ities across Brazil surveyed in the years 2005-2009
within the NCP framework. The diagnostic method
employed to detect Schistosoma mansoni infection
was the Kato-Katz technique (Katz et al., 1972),
which is also widely used for detection and quantifi-
cation of soil-transmitted helminth infections (Speich
et al., 2010; Knopp et al., 2012). A single Kato-Katz
thick smear was prepared from each participant.
Fig. 1 shows the localities of the surveyed municipali-
ties.
Climatic and environmental data
Table 1 summarises the different data sources
utilised to derive climatic and environmental data. In
brief, climate data were extracted from Worldclim
Global Climate Data (Hijmans et al., 2005). These
data consist of 19 bioclimatic variables.
Environmental data were obtained from the Moderate
Resolution Imaging Spectroradiometer (MODIS)
onboard the Terra satellite. Land surface temperature
(LST) data were used as proxy for day and night tem-
peratures. The normalised difference vegetation index
(NDVI) and enhanced vegetation index (EVI) were
used as proxies for moisture and vegetation, respec-
tively. A digital elevation model (DEM) was employed
to extract altitude data.
Socioeconomic data
Table 2 summarises the socioeconomic indicators
used in our study. In brief, population data for the
year 2010 were stratified into rural and urban.
Human development index (HDI) data for the year
2000 were provided by the Instituto Brasileiro de
Geografia e Estatística (IBGE). Unsatisfied basic needs
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Fig. 1. Observed prevalence of soil-transmitted helminth infections in Brazil from 2005-2009 (data obtained from the schistoso-
miasis NCP).
Source Type of data Period Temporal resolution
Shuttle Radar Topography
Mission (SRTM)
Digital elevation model (DEM) 2000 Once
Moderate Resolution 
Imaging Spectroradiometer
(MODIS)/Terra
Land surface temperature (LST) for day and night
Normalised difference vegetation index (NDVI)
2005-2009
2005-2009
8 days
16 days
Worldclim Global
Climate Data
BIO1 (annual mean temperature)
BIO2 (mean diurnal range (mean of monthly (max temp - min temp)))
BIO3 (isothermality (BI02/BI07) (*100))
BIO4 (temperature seasonality (standard deviation*100))
BIO5 (max temperature of warmest month)
BIO6 (min temperature of coldest month)
BIO7 (temperature annual range (BI05-BI06))
BIO8 (mean temperature of wettest quarter)
BIO9 (mean temperature of driest quarter)
BIO10 (mean temperature of warmest quarter)
BIO11 (mean temperature of coldest quarter)
BIO12 (annual precipitation)
BIO13 (precipitation of wettest month)
BIO14 (precipitation of driest month)
BIO15 (precipitation seasonality (coefficient of variation))
BIO16 (precipitation of wettest quarter)
BIO17 (precipitation of driest quarter)
BIO18 (precipitation of warmest quarter)
BIO19 (precipitation of coldest quarter)
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
1950-2000
Once
Once
Once
Once
Once
Once
Once
Once
Once
Once
Once
Once
Once
Once
Once
Once
Once
Once
Once
Table 1. Data sources and properties of the climatic and other environmental covariates used for Bayesian geostatistical modelling
(spatial resolution = 1 km).
(UBN) data for the year 2000 were provided by
PAHO. Infant mortality rate (IMR), which has been
used as a poverty proxy by the Center for
International Earth Science Information Network
(CIESIN), for the year 2000, and human influence
index (HII) for the year 2005, were provided by the
CIESIN.
Statistical analysis
For each soil-transmitted helminth species, univari-
ate logistic regressions for the continuous environmen-
tal and socioeconomic factors were performed in order
to assess potential non-linear trends in relation to the
logit scale of the infection risk. Covariates indicating
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Source Type of data Year
Instituto Brasileiro de Geografia e Estatística
(IBGE) (census data)
Population data
Human development index (HDI)
Rural population
2010
2000
2000
Pan American Health Organization
(unsatisfied basic needs) (census data)
Bras0_3 (% of pupils enrolled in primary school)
Bras0_4 (% of pupils completing primary school)
Bras0_5 (rate literacy 15 to 24 years)
Bras0_6 (girls and boys, primary school)
Bras0_7 (girls and boys, high school)
Bras0_8 (girls and boys, undergraduate school)
Bras0_9 (relation literacy women and men 15 to 24 years)
Bras0_10 (% women work, non-farm)
Bras0_11 (% people with potable water at house)
Bras0_12 (% people with sanitation at house)
Bras0_13 (% people with energy at house)
Bras0_14 (% own x rent house)
Bras0_15 (index secure tenure house)
Bras0_16 (unemployment rate)
Bras0_17 (% of houses with phone)
Bras0_18 (% of houses with computer)
Bras2_11 (% of people overcrowding)
Bras2_15 (% of people subsistence)
Infant mortality rate (IMR)
2000
2000
2000
2000
2000
2000
2000
2000
2000
2000
2000
2000
2000
2000
2000
2000
2000
2000
2000
Center for International Earth Science
Information Network (CIESIN)
Human influence index (HII) 2005
Table 2. Data sources and properties of the socioeconomic covariates used in our Bayesian geostatistical model to predict soil-trans-
mitted helminth infection prevalence in Brazil (socioeconomic data are at the unit of the municipality).
non-linear trends were categorised into three or four
groups, based on inspection of scatter-plots. The
deviance information criterion (DIC) was employed to
detect whether univariate logistic regressions on linear
or categorised covariates have smaller DIC and there-
fore better fit the outcome.
Parsimonious sets of environmental and socioeco-
nomic covariates were obtained for each infection
using Gibbs variable selection (George and
McCulloch, 1993). Variable selection was carried out
in a Bayesian framework, using non-spatial multivari-
ate logistic regression models with standardised linear
covariates. Bayesian geostatistical logistic regression
models were fitted on the reduced set of covariates
with location-specific random effect parameters to
account for potential spatial correlation. The model
was developed assuming that the random effects fol-
low a multivariate normal distribution with variance-
covariance matrix related to an exponential correla-
tion function between any pair of locations. Markov
chain Monte Carlo (MCMC) simulation was
employed to estimate all model parameters.
We predicted species-specific soil-transmitted
helminth infection prevalence based on the estimated
associations of the reduced set of covariates on the out-
come and spatial parameters via Bayesian kriging, using
marginal predictive posterior distributions. Prediction
was carried out using a grid with a spatial resolution of
5 x 5 km that resulted in over 280,000 locations for
Brazil. A random sample of 820 training locations was
selected to fit the geostatistical models. The predictive
ability of each model was then assessed by comparing
the model-based predictions at the remaining 200 test
locations with the observed outcomes at these locations
using (i) mean absolute errors (MAE) and (ii) propor-
tion of location correctly predicted within a 95%
Bayesian credible interval (BCI). The statistical analyses
were carried out in STATA/IC version 10.1 (Stata Corp.
LP; College Station, USA), WinBUGS 1.4.3 (Imperial
College and Medical Research Council, London, UK)
and Fortran 95 (Digital Equipment Corp.; Maynard,
USA).
Ethical considerations
Soil-transmitted helminth infection prevalence data
were obtained from the schistosomiasis NCP,
approved by the Ministry of Health in Brazil. No spe-
cific ethical approval was required for the secondary
analysis presented in this article, which focuses on risk
profiling of soil-transmitted helminth infection.
Results
The georeferenced soil-transmitted helminth species-
specific infection prevalence data obtained from the
100
R.G.C. Scholte et al. - Geospatial Health 8(1), 2013, pp. 97-110
schistosomiasis NCP consisted of 1,020 unique survey
locations. Taken together, the observed prevalence
ranged from nil to 64.3% with a mean prevalence of
10.3% (median = 5.0% and standard deviation (SD) =
13.4%) for A. lumbricoides, from nil to 42.5% with a
mean prevalence of 4.9% (median = 0.8% and SD =
9.1%) for hookworm, and from nil to 33.4% with a
mean prevalence of 3.7% (median = 0.8% and SD =
6.7%) for T. trichiura infection. The spatial distribu-
tion of the survey locations and the prevalence of infec-
tion with A. lumbricoides, hookworm and T. trichiura
are shown in Figs. 1a, 1b and 1c, respectively.
In our initial analyses, we included a set of 45 cli-
matic, environmental and socioeconomic covariates.
However, after careful variable selection, between 29
and 33 of these covariates were removed depending on
the soil-transmitted helminth species in question.
Hence, for the final geostatistical analyses, a total of
16, 15 and 12 covariates were used for the prediction
of risk with hookworm, A. lumbricoides and
T. trichiura, respectively. Model validation indicated
that the MAE of the A. lumbricoides was 7.3, meaning
that, on average, our predicted prevalence at the test
locations for A. lumbricoides in Brazil was about 7%
higher or lower than the observed prevalence data.
The hookworm and T. trichiura models showed bet-
ter predictive performance with MAEs of 4.4 and 3.0,
respectively. Additionally, the latter two soil-transmit-
ted helminth species were correctly predicted within
95% BCIs for 98% of the test locations. Even though
the model for A. lumbricoides ranked third, its predic-
tive ability was high as it correctly predicted 94% of
the test locations within a 95% BCI. Tables 3, 4 and 5
show the results of the Bayesian variable selection and
parameter estimates of the final geostatistical models
for hookworm, A. lumbricoides and T. trichiura,
respectively.
For A. lumbricoides, the most suitable climate con-
ditions appear to be high rainfall and temperatures
below 26 °C. In addition, we found a negative associ-
ation between A. lumbricoides and altitude. The
socioeconomic indicators suggest that the higher the
HDI and the proportion of people living in houses
with sanitation facilities and electricity, the lower the
odds of A. lumbricoides infection. Municipalities with
higher tenure housing index were at lower risk of
A. lumbricoides, while HII was positively correlated
with A. lumbricoides infection.
For T. trichiura, the socioeconomic indicators sug-
gest that the higher the HDI and percentage of self-
subsistence people, the lower the odds of an infection
with this helminth species. On the other hand, the
higher the HII and the percentage of people living
under crowded conditions, the higher the odds of
T. trichiura infection. The climatic factors that were
found to be significantly associated with T. trichiura
infection were high annual rainfall and temperatures
below 26 °C. However, altitude showed a negative
relation.
The hookworm model suggested that high vegeta-
tion index and precipitation are suitable for transmis-
sion, while altitude was negatively associated. The
socioeconomic variables suggested that the higher the
percentage of urban population and HDI, the lower
the odds for hookworm infection. Municipalities with
high IMR had lower odds for both hookworm and
T. trichiura infection. This negative relation has been
estimated both by non-spatial bivariate logistic regres-
sion (data not shown) and multivariate geostatistical
models.
Spatial parameter estimates were similar for all three
soil-transmitted helminth species. The spatial range
was estimated to be 4.9 km (95% BCI: 3.1-12.7 km),
5.1 km (95% BCI: 3.1-14.7 km) and 5.1 km (95%
BCI: 3.1-14.2 km) for A. lumbricoides, T. trichiura
and hookworm infection, respectively. The residual
spatial variation was overall very low with the largest
variance of 0.03 (95% BCI: 0.01-0.04) observed for
the A. lumbricoides model. In comparison, the non-
spatial variance was between 160 (A. lumbricoides)
and 510 (hookworm) times smaller than the spatial
variation. These results suggest that the remaining spa-
tial correlation was low after adjusting for the climat-
ic and socioeconomic predictors.
The predictive spatial distribution of the risk for
A. lumbricoides, T. trichiura and hookworm in Brazil,
based on the estimated outcome-predictor associations
and other modelling parameters, are shown in Fig. 2.
The highest risk is in the North, the eastern part of
Northeast (the coast line), the South and along the
south-eastern coastline. While there is low risk for
A. lumbricoides infection in the south-eastern and cen-
tral regions, the risk of infection with this helminth
species is considerable higher elsewhere in Brazil. The
highest risk for T. trichiura is in the North and along
the north-eastern coast line, whereas the low risk areas
are concentrated in the South, the Central and the
Southeast regions. High-risk areas for hookworm are
in the North and inland with the low-risk areas main-
ly found in the South, Southeast and Northeast. Fig. 3
shows the corresponding prediction uncertainty maps,
as indicated by the SDs of the model prediction errors.
By considering municipality-specific population sizes,
we were able to convert model-based prevalence esti-
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Variable Geostatistical model
ORa 95% BCIb
Normalised difference vegetation index (NDVI)
Mean diurnal range
<8.0 °C
8.0-9.9 °C
10.0-11.9 °C
≥12.0 °C
Precipitation wettest month
Precipitation driest month
Precipitation warmest quarter
<200 mm
200-299 mm
300-449 mm
≥450 mm
Altitude 
% urban population
<35.0
35.0-54.9
55.0-74.9
≥75.0
Infant mortality rate (IMR)
<0.3
0.3-0.39
0.4-0.49
≥0.5
Human development index (HDI)
Human influence index (HII)
<19.0
19.0-20.9
21.0-23.9
≥24.0
% people potable water at house
% people sanitation at house
<1.0
1.0-14.9
15.0-39.9
≥40.0
% people energy at house
<85.0
85.0-94.9
≥95.0
Index secure tenure house
Unemployment rate
<15.0
15.0-24.9
≥25.0
% house with phone
σ2
τ2
Range (km)
1.72*
1.00
1.38*
1.39
1.16
1.75*
0.70*
1.00
0.67*
0.64*
0.19*
0.36*
1.00
0.55*
0.54*
0.49*
1.00
0.45*
0.35*
0.10*
0.30*
1.00
1.10
1.93*
1.31
1.85*
1.00
1.18
2.69*
3.74*
1.00
1.20
1.98*
0.52*
1.00
0.87
0.59*
1.66*
0.01
5.36
5.12
1.60, 1.77
1.20, 1.56
0.96, 1.51
0.94, 1.44
1.64, 1.84
0.68, 0.73
0.40, 0.75
0.59, 0.74
0.14, 0.26
0.35, 0.37
0.45, 0.61
0.42, 0.59
0.29, 0.55
0.39, 0.54
0.31, 0.36
0.07, 0.11
0.22, 0.32
0.78, 1.26
1.02, 2.12
0.51, 1.48
1.43, 1.97
0.97, 1.33
2.25, 2.90
2.08, 4.39
0.91, 1.28
1.26, 2.44
0.42, 0.54
0.76, 1.00
0.45, 0.63
1.48, 1.79
0.01, 0.02
4.82, 5.98
3.05, 14.20
Table 3. Parameter estimates of Bayesian geostatistical logistic regression models relating hookworm risk in Brazil with climatic,
environmental and socioeconomic predictors.
aOR, odds ratio; bBayesian credible interval; *statistical significance based on 95% BCIs
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Variable Geostatistical model
ORa 95% BCIb
Land surface temperature (LST) day
<26.0 °C
26.0-27.4 °C
27.5-28.9 °C
≥29.0 °C
Temperature annual range
<12.0 °C
12.0-14.9 °C
15.0-17.9 °C
≥18.0 °C
Annual precipitation
Precipitation driest month
<10.0 mm
10.0-19.9 mm
20.0-29.9 mm
≥30.0 mm
Precipitation warmest quarter
Altitude 
<150 m
150-390 m
400-690 m
≥700 m
Infant mortality rate (IMR)
<0.3
0.3-0.39
0.4-0.49
≥0.5
Human development index (HDI)
<0.6
0.6-0.64
0.65-0.69
≥0.7
Human influence index (HII)
% people sanitation in house
% people energy in house
<80.0
80.0-89.9
90.0-94.9
≥95.0
% own x rent house
<80.0
80.0-84.9
85.0-89.9
≥90.0
Index secure tenure house
% house with phone
<4.0
4.0-5.9
6.0-11.9
≥12.0
% house with computer
<0.6
0.6-1.5
1.6-2.5
≥2.6
σ2
τ2
Range (km)
1.00
0.56*
0.52*
0.35*
1.00
0.76*
1.11*
1.20
1.32*
1.00
1.84*
1.93*
2.37*
0.72*
1.00
0.72*
0.37*
0.30*
1.00
0.90*
1.11
1.19
1.00
0.52*
0.57*
0.24*
1.41*
0.85*
1.00
0.89
0.69*
0.56*
1.00
1.35*
1.02
1.13
0.88*
1.00
1.21
1.33*
1.71*
1.00
1.12*
1.03
1.21
0.03
2.89
4.86
0.53, 0.58
0.41, 0.55
0.22, 0.42
0.68, 0.86
1.02, 1.22
0.76, 1.35
1.22, 1.35
1.33, 2.08
1.84, 2.03
1.70, 2.59
0.71, 0.76
0.48, 0.78
0.32, 0.40
0.23, 0.35
0.73, 0.98
0.76, 1.32
0.71, 1.25
0.50, 0.55
0.43, 0.66
0.23, 0.25
1.38, 1.44
0.72, 0.89
0.64, 1.01
0.63, 0.74
0.42, 0.63
1.20, 1.45
0.76, 1.19
0.92, 1.19
0.85, 0.91
0.96, 1.38
1.19, 1.42
1.52, 1.86
1.05, 1.18
0.98, 1.13
0.91, 1.42
0.01, 0.04
2.63, 3.20
3.05, 12.70
Table 4. Parameter estimates of Bayesian geostatistical logistic regression models relating A. lumbricoides risk in Brazil with cli-
matic, environmental and socioeconomic predictors.
aOR, odds ratio; bBayesian credible interval; *statistical significance based on 95% BCIs
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Variable Geostatistical model
ORa 95% BCIb
Land surface temperature (LST) day
<26.0 °C
26.0-27.4 °C
27.5-28.9 °C
≥29.0 °C
Temperature annual range
Annual precipitation
<1,000 mm
1,000-1,199 mm
1,200-1,399 mm
≥1,400 mm
Precipitation warmest quarter
<200 mm
200-299 mm
300-449 mm
≥450 mm
Altitude
Infant mortality rate (IMR)
<0.3
0.3-0.39
0.4-0.49
≥0.5
Human development index (HDI)
<0.6
0.6-0.64
0.65-0.69
≥0.7
Human influence index (HII)
% own x rent house
<80.0
80.0-84.9
85.0-89.9
≥90.0
% house with computer
<0.6
0.6-1.5
1.6-2.5
≥2.6
% people overcrowding
<45.0
45.0-54.9
55.0-64.9
≥65.0
% people subsistence
σ2
τ2
Range (km)
1.00
0.73*
0.95
0.58*
0.50*
1.00
1.22*
2.51*
2.04*
1.00
0.87*
0.76*
1.38
0.55*
1.00
0.61*
0.74*
0.57*
1.00
0.65*
0.46*
0.20*
1.63*
1.00
1.34*
1.29
1.09
1.00
1.11
1.06
1.83*
1.00
1.24
1.41*
1.88*
0.72*
0.02
4.37
5.12
0.39, 0.83
0.50, 1.01
0.32, 0.69
0.35, 0.52
1.10, 1.43
1.95, 2.79
1.82, 2.25
0.79, 0.90
0.70, 0.84
0.59, 1.97
0.54, 0.59
0.52, 0.68
0.37, 0.84
0.32, 0.64
0.53, 0.72
0.40, 0.51
0.15, 0.23
1.46, 1.70
1.12, 1.49
0.96, 1.52
0.85, 1.14
0.92, 1.19
0.94, 1.24
1.74, 1.98
0.97, 1.40
1.26, 1.48
1.70, 2.29
0.70, 0.77
0.01, 0.07
3.92, 4.90
3.06, 14.7
Table 5. Parameter estimates of Bayesian geostatistical logistic regression models relating T. trichiura risk in Brazil with climatic,
environmental and socioeconomic predictors.
aOR, odds ratio; bBayesian credible interval; *statistical significance based on 95% BCIs
104
R.G.C. Scholte et al. - Geospatial Health 8(1), 2013, pp. 97-110
Fig. 2. Estimates of the spatial distribution of soil-transmitted helminth infection prevalence in Brazil.
Fig. 3. Maps of the error of prediction.
mates into number of infected people at the unit of the
municipality and, after aggregation, at the state level
(Table 6). At the national level, we estimate that 29.7
million Brazilians (15.6%) are infected with A. lumbri-
coides. The corresponding 95% CI ranges between 26.9
and 32.4 million people. For hookworm, we estimate
the number of infected people at 4.7 million (2.5%),
whereas the 95% CI range between 4.0 and 5.8 million
people. For T. trichiura, we estimate that 19.2 million
Brazilians are infected (10.1%) with a 95% CI ranging
between 16.6 and 21.6 million people.
Discussion
To our knowledge, we present the first model-based,
spatially explicit risk maps of soil-transmitted helminth
infections for Brazil at high spatial resolution (5 x 5 km).
Our estimates include the number of infected people at
the state level (aggregation of municipality-level data) as
well as for the entire country. At the national level, we
estimate overall prevalences for A. lumbricoides, T.
trichiura and hookworm of 15.6%, 10.1% and 2.5%,
respectively, which translates to 4.7 million infections
with hookworm, 19.2 million infections with T. trichiu-
ra and 29.7 infections with A. lumbricoides. Our esti-
mates were derived from advanced Bayesian geostatisti-
cal models, including two validation approaches. Model
construction took into account the relation between the
parasite prevalence data with remotely sensed climatic
and environmental data and socioeconomic variables
obtained from readily available databases. From the ini-
tial set of 45 covariates, between 12 and 16 covariates
remained in the final models, depending on the soil-
transmitted helminth species investigated.
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Using a simple linear regression approach, Colston
and Saboyá (2013) estimated that the overall prevalence
of soil-transmitted helminth infection among school-
aged children in Brazil is 29.3%. Brazil-specific data
obtained from a Bayesian geostatistical meta-analysis of
historic soil-transmitted helminth survey data at the
continental level revealed similar prevalence estimates
for A. lumbricoides (14.3%) and T. trichiura (10.1%)
(Chammartin et al., 2013b). However, for hookworm,
a five-fold difference in the estimated prevalence was
found: 2.5% in the current study compared to the
12.3% obtained by Chammartin et al. (2013b).
Differences in the spatial and temporal coverage of the
data might explain this observation. For example, in
terms of spatial coverage, risk profiling carried out by
Chammartin et al. (2013b) focussed on entire Latin
America, whereas the current analysis pertains to Brazil
only. In regards of temporality, the hookworm data
employed by Chammartin et al. (2013b) covered a 10-
year period (2000-2009), as opposed to a 5-year period
(2005-2009) utilised in the current analysis.
The geographical distribution of A. lumbricoides and
T. trichiura infection indicated high prevalence along
the Atlantic forest areas, which are humid and warm
and thus provide a suitable environment for transmis-
sion. Our geostatistical models were able to identify the
most important climatic factors for parasite develop-
ment, and these corroborate with prior laboratory
investigations (Beer, 1973; Crompton and Pawlowski,
1985). The similar spatial patterns of A. lumbricoides
and T. trichiura predicted by our models are supported
by the similar life cycles of these two helminth species
outside the human host (Bethony et al., 2006; Knopp et
al., 2012). Of note, the overall prevalence of A. lumbri-
coides is somewhat higher than that of T. trichiura,
which might be explained by different morphologies of
the parasite eggs (A. lumbricoides eggs show higher
resilience to climate extremes in the natural environ-
ment compared T. trichiura eggs), higher egg produc-
tion rates of A. lumbricoides compared to T. trichiura,
and somewhat faster reinfection of A. lumbricoides
compared to T. trichiura following anthelminthic drug
administration (Brooker and Bundy, 2009; Jia et al.,
2012). Hookworm has a distinctively different life
cycle. In fact, hookworm eggs hatch and human infec-
tion occurs when the third-stage larvae (L3) actively
penetrate the skin. Hence, hookworm larvae are vul-
nerable to desiccation and need humid and warm envi-
ronment for survival (Bethony et al., 2006). The geo-
graphical distribution of the hookworm risk predicted
by our model indicates a high prevalence on the
Amazonia Legal region.
Our spatial predictions for each of the three soil-
transmitted helminth species studied showed strong cor-
relations with socioeconomic and environmental
covariates (precipitation and temperature). Our results
therefore suggest that these variables are important
drivers for the spatial distribution of A. lumbricoides, T.
trichiura and hookworm, which should be considered
when control strategies are planned. Importantly, our
models predict the risk of soil-transmitted helminth
infections at high spatial resolutions (i.e. 5 x 5 km)
aggregated at various levels from the municipality to the
national. Our fine-scale estimates (e.g. municipality
level) can be utilised, alongside guidelines put forward
by the World Health Organization (WHO) for preven-
tive chemotherapy (WHO, 2006), to calculate the cost
of preventive chemotherapy at the administrative unit
where interventions will be implemented. Colston and
Saboyá (2013), who estimated the prevalence of soil-
transmitted helminth infection in the school-aged popu-
lation of Brazil at 29.3% and using WHO treatment
guidelines, came up with an initial cost of US$ 17.5 mil-
lion for administering anthelminthic drugs to school-
aged children.
It must be admitted that our prediction maps may not
capture disease focality with high accuracy since our
geospatial analysis is based on survey data aggregated at
the municipality level. The surveys were carried out at
higher resolution (i.e. villages and towns), but disaggre-
gated information of the exact survey locations were
not available. Our models therefore assumed that there
is no variation in our predictors within the municipali-
ties although this might not be true, especially not with
respect to the socioeconomic factors. In addition, parts
of Brazil lack point prevalence data. For example, there
are no prevalence data available for soil-transmitted
helminth for large areas covering the Amazon as well as
the Central and Southern regions. Interestingly, we esti-
mate a lower risk in those areas compared to
Chammartin et al. (2013b), who used data from neigh-
bouring countries to derive inference in such areas. We
recommend that future parasitological surveys be con-
ducted in municipalities where no or only limited data
are currently available to improve model accuracy.
Finally, advances have been made with multivariate spa-
tial models for risk profiling of multiple health out-
comes (for a recent example of a joint spatial model for
hookworm-Schistosoma mansoni co-infection, see
Schur et al. (2011b)). It would be interesting to develop
and validate joint spatial models for A. lumbricoides
and T. trichiura, as these two helminth species share
similar transmission pathways (Booth and Bundy, 1992;
Bethony et al., 2006; Knopp et al., 2012). 
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Conclusions
Our predictive risk maps for the three common soil-
transmitted helminth infections across Brazil should
be useful tools for prioritising control interventions
and to set-up effective surveillance-response mecha-
nisms. Moreover, important data gaps have been iden-
tified and these must be filled to further improve pre-
dictive risk estimates. However, already at this stage,
as can be judged from the maps shown here, useful
information for spatial targeting of control interven-
tions is provided. Moreover, the estimates presented
here might serve as a benchmark for monitoring and
evaluation of future efforts towards disease elimina-
tion.
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Appendix
Geostatistical model
Let Yi,l be the number of observed infections with
disease l (l = 1, A. lumbricoides; l = 2, T. trichiura; and
l = 3, hookworm infection) at location si (i = 1, ..., n)
of the study region A⊂R2 and let Ni be the total num-
ber of tested individuals for each helminth infection.
We assume that Yi,l are binomially distributed, that is
Yi,l ∼ Bin(pi,l, Ni) where pi,l is the probability that an
infection with helminth species l is detected at site si.
We model the influence of the associated set of m envi-
ronmental and socioeconomic covariates Xi,l = (1, Xi1,l,
..., Xim,l)
T of the infection on the logit, such as logit(pi,l)
= XTi,l βl + vi,l + wi,l, with the vector of regression coef-
ficients βl = (β0,l, β1,l, ...,βm,l)T location-specific random
effect parameters vi,l and exchangeable random effect
parameters wi,l. Unobserved spatial variation is intro-
duced on vi,l by assuming that vl = (v1,l, ..., vn,l)
T follows
a latent stationary Gaussian process over the study
region with vl  ∼ MVN(0, Σl)T. The elements of the vari-
ance-covariance matrix Σl are related to an isotropic
exponential correlation function defined by Σij,l = σ2l
exp(-ρl dij) with spatial variance σ2l, spatial decay ρl and
the Euclidean distance dij between any pair of loca-
tions si and sj. The distance at which spatial correla-
tion between locations drops below 5% is known as
spatial range and can be calculated by 3/ρ if exponen-
tial correlation functions are employed. We further
assume that wi,l  ∼ N(0, τ
2
l ) with variance τ
2
l that can be
interpreted as nugget of the spatial process.
Prior specifications and implementation details
Bayesian model formulation requires the specifica-
tion of prior distributions of all model parameters. In
this study, we adopted non-informative Normal and
Gamma prior distributions with mean 0 and variance
of 100 for the regression coefficients βl and for the
variance parameters σ2l and τ
2
l , respectively.
Furthermore, uniform prior distributions with mini-
mum bounds of 30 m and maximum bounds of 3,000
km were chosen for ρl (the range of distances between
the survey locations varies from 15 m to almost 3,000
km, with a median of about 800 km). 
Models were fitted in WinBUGS 1.4.3 (Imperial
College London and Medical Research Council;
London, UK) using MCMC simulation. Models were
run for two chains with a thinning of 10 and a burn-
in of 1,000 iterations. Starting values for the chains
were based on non-spatial model estimates and semi-
variogram estimates for the spatial model parameters.
Convergence was assessed by inspection of ergodic
averages of selected model parameters. After conver-
gence, samples of 500 iterations were extracted for
each parameter and each soil-transmitted helminth
species.
Samples from the predictive posterior distribution at
each prediction locations were obtained via Bayesian
kriging. Kriging was performed in Fortran 95 (Digital
Equipment Corporation; Maynard, MA, USA) based
on code written by the authors and the samples
obtained from model fit. The results were summarised
based on the median and the SD of the prediction.
Variable selection
Gibbs variable selection was employed on non-spa-
tial logistic regression models to select parsimonious
sets of the environmental and socioeconomic covari-
ates for each soil-transmitted helminth infection
(George and McCulloch, 1993). A vector of indicator
variables I = (I0,l, I1,l, ..., Im,l)
T was linked to the vector
of regression coefficients in the models, such as XTi,l βl,
Il to specify between inclusion and exclusion of the
covariates where Ik = 1 if the k-th covariate is includ-
ed and zero otherwise. Priors for the joint distribution
of βk,l and Ik,l are defined by P(βk,l | Ik,l) = P(βk,l | Ik,l)P(Ik,l)
in the Gibbs variable selection approach. Furthermore,
P(βk | Ik) is given by Ik,l N(0, τ2I=1,l) + (1 - Ik,l) N(0,τ2I=0,l).
In this study, we adopted non-informative Bernoulli
prior distributions with probability of 0.5 for P(Ik,l)
and set the inclusion and exclusion variances to τ2I=1 =
100 and τ2I=0 = 0.01, respectively. 
Model validation
Model validation was performed to obtain estimates
of the accuracy of predictive ability of the geostatisti-
cal models for each infection. The MAE provides
information about the absolute distances between the
observed pi,l and median predicted outcome pˆi,l at the
i-th test locations (i = 1, ..., k), such as  
The outcome of the BCI approach is the proportion
of test locations correctly predicted within the 95%
BCIs of the posterior predictive distribution (restricted
by the lower percentiles cli,l and upper percentiles c
u
i,l), 
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